Abstract. Depth to bedrock serves as the lower boundary of soil, which influences or controls 12 many of the Earth's physical and chemical processes. It plays important roles in geology, hydrology, 13 land surface processes, civil engineering, and other related fields. This paper describes the materials 14 and methods to produce a high-resolution (100 m) depth-to-bedrock map of China. Observations 15 were interpreted from borehole log data (ca. 6,382 locations) sampled from the Chinese National 16 Important Geological Borehole Database. To fill in large sampling gaps, additional pseudo-17 observations generated based on expert knowledge were added. Then, we overlaid the training 18 points on a stack of 133 covariates including climatic images, DEM-derived parameters, land-cover 19 and land-use maps, MODIS surface reflectance bands, vegetation index images, and the 20
However, the locations of boreholes in this study were determined in a previous geological survey. 145 Thus, we have taken one borehole randomly from each grid instead of one borehole from a random 146 location. 147
The depths of the boreholes range from 0 meters to more than 1 kilometer. Among these 148 boreholes, we were unable to determine the DTB from a few boreholes because of the limitations 149 of the records (see details in Sect. 2.1.2). This constraint resulted in vacancies of many grid cells 150 after the interpretation of all boreholes from the first sampling. To resolve this problem, we used an 151 additive sampling method; that is, additional samplings were taken multiple times until no new 152 observations could be added to the observation data sets. Thus, the latter samplings were aimed at 153 grids without DTB data based on the previous samplings. After a finite number of additive 154 samplings, the borehole logs of the NIGBD were considered efficiently used, and samples from all 155 the samplings were used in our study. The distribution of DTB observations interpreted from 156 boreholes is shown in Fig. 1 . 157
Interpretation of borehole records 158
Interpreting DTB from borehole profiles sampled from the NIGBD was one of the crucial aspects 159
Earth Syst. Sci. Data Discuss., https://doi.org/10.5194/essd-2018-103 Each borehole profile has several layers. Generally, the top layer of a borehole profile is pedolith, 164 where pedological processes have destroyed the original bedrock structure, principally through the 165 weathering of primary bedrock minerals and the formation and re-distribution of secondary 166 materials (National Committee on Soil and Terrain, 2009) . Below is saprolite, referring to the zone 167 where the bedrock fabric is largely isovolumetrically weathered but primary bedrock structures are 168 still recognized. At the bottom is the unweathered bedrock. Because different boreholes were drilled 169 by different geological teams at different times, the details of stratification in the profiles often differ, 170 and the lithological description of each layer may be detailed or vague. These differences result in 171 inconsistencies or uncertainties in the borehole database, which were propagated into our DTB 172 observations. 173
To interpret the DTB from a borehole profile in the form of a scanned picture, we must manually 174 determine the boundary between the regolith and fresh bedrock based on lithological descriptions 175 and the dip angle of the borehole. The dip angles of a minority of boreholes whose dip angle were 176 not given were about 90°. Then, the DTB was calculated as the product of boundary depth and sine 177 of the dip angle. DTB can be interpreted from most sampled boreholes. However, some boreholes 178 are too shallow (several meters or less than 1 m) to reach the bedrock, and some have lithological 179 records that are unclear, which can make it is very difficult to determine the DTB (as described in 180 Sect. 2.1.1). Therefore, we used additive samplings. Because a number of boreholes went to depths 181 of more than 100 meters but still did not reach the bedrock, we could not obtain accurate DTB data 182 from these borehole profiles either. In this case, we regarded the depths of those boreholes as 183 approximations of the real DTB value. In addition, most research and applications focus on 184 relatively shallow depths. 185 amount of variation explained by the model), mean error (ME), and root mean square error (RMSE) 250
Pseudo-observations
were used to evaluate model performance. Of these indicators, the coefficient of determination is 251 calculated by: 252
where SSR is the regression sum of squares, SST is the total variation sum of squares, and SSE is 254 the residual sum of squares, which is the difference of SST and SSR. The variable yi is the measured 255 target value, ŷ is the prediction of each point, y is the average of the measurements, and n is 256 number of validation points. The value of R 2 is usually between 0 and 1; a value close to 1 indicates 257 a perfect model, and values around 0 indicate a failed model. The RMSE, which is also called 258 standard error, is calculated by: 259 with DTB may produce noise in fitted models. This noise results in higher error of predictions. Our 264 results based on modeling with different covariates showed that the noise has a certain degree of 265 influence on the accuracy of the models, especially for the gradient boosting tree model. Therefore, 266
we removed some covariates with low importance based on the random forests model to reduce 267 prediction errors. The covariates we ultimately used are marked in Supplement File A. 268
In addition, to verify whether our predictions are more accurate than existing DTB maps of China, 269 we compared our predictions with existing DTB maps using the validation set. 270
Model prediction and uncertainty estimation 271
The final model was fitted based on all samples with parameters selected by cross-validation. The 272 final spatial predictions were generated using an ensemble model based on random forests and the 273 gradient boosting tree method, which can avoid the overshooting effect (Sollich and Krogh, 1996) . 274
To predict DTB in China at 100 m resolution, we used the available environmental covariates at 100 275 m resolution. 276
Earth Syst. Sci. Data Discuss., https://doi.org/10.5194/essd-2018-103 Because any model for digital soil mapping inevitably suffers from different sources of error, it 277 is important to quantify the uncertainty associated with the produced maps (Poggio et al., 2016) . 278
Analyzing and evaluating help data users to understand its existence and also can help to improve 279 decision quality (Liang et al., 2018) . In this study, we used quantile regression forests to estimate 280 the uncertainty of estimations. Quantile regression forests are a tree-based ensemble algorithm for 281 estimation of conditional quantiles. This method is particularly suitable for high-dimensional data. 282
Quantile regression forests were implemented via the R environment in the "quantregForest" 283 package (Meinshausen, 2014) . To estimate the uncertainty of predictions at every location, we 284 generated the uncertainty map of predictions by: 285
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where qp0.9 is the 0.9 quantile prediction of DTB, qp0.1 is the 0.1 quantile prediction of DTB, and 287 qp0.5 is the 0.5 quantile prediction of DTB. The uncertainty map is the reference when using the 288 DTB map of China. 289
All code used to generate predictions is available from the Github channels 290 
